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Abstract.  Stoneflies (Plecoptera) are the most environmentally sensitive of freshwater insects. 
They are recognized the world over as such and their decline has been documented in Europe 
and North America. A dataset of 30,355 specimen records, Maximum Entropy (Maxent) 
software, and BIOCLIM variables derived from downscaled climate data were used to compare 
the pre-European settlement and future geographic distributions of 78 of 155 stonefly species 
that occur in Illinois, Indiana, Iowa, Michigan, Minnesota, Ohio, and Wisconsin. Maximum 
temperature in the warmest month was predicted to increase by up to 4⁰ across much of the 
Upper Midwest Great Lakes Landscape Conservation Cooperative (UMGLLCC) by 2100. 
Rainfall in the driest month was not predicted to change appreciably during this time frame.  
Approximately 70% of 78 species and seven of eight families were predicted to experience 
dramatic range loss. Five species were predicted to increase in range by 100 to 300%. Four of the 
five are large river, warmwater species that were predicted to migrate northward as large, 
northern rivers warm. These predictions suggest that mismatches in predatory/prey resources 
may occur and that numerical criteria used by states for water quality assessment may require 
reassessment. The stonefly assemblage in the Midwest is in danger of going through a second 
drastic reduction by 2100, making it imperative that conservation organizations begin now to 
protect them. Suggestions include increasing forest cover alongside rivers and streams and 
improving the connectivity of rivers to allow migration from the south. The presence of 
Wisconsinan aged till and lake plain between southern, species rich areas and northern areas may 
act as a barrier to future dispersal, necessitating human aided migrations if conservation of 
stoneflies is accepted as a priority. Stoneflies may well be surrogates for the fate of other aquatic 
insects (e.g. mayflies (Ephemeroptera) and caddisflies (Trichoptera)). This assertion will be 
tested over the next year under a phase II contract with the Department of the Interior, US Fish 
and Wildlife Service. 
 
Introduction 
 
Freshwater ecosystems have been more severely altered by human activities and are more 
vulnerable to climate change than terrestrial ecosystems (Ricciardi & Rasmussen 1999, Vitousek 
et al. 1997, Vörösmarty et al. 2010). There is a clear and urgent need to understand spatial 
distributions and diversity patterns of aquatic species in order to maintain and restore aquatic 
biodiversity and to assess the impact of climate change and future land-use on species 
distributions. Species-distribution modeling (SDM) is of great value for ecologists to serve these 
needs (Pearson et al. 2007, Newbold 2010, Peterson et al. 2011). 
The Upper Midwest Great Lakes Landscape Conservation Cooperative (UMGLLCC) (US 
Department of the Interior 2013) is home to many cool and coldwater inhabiting species. These 
species are at risk for changes in their distribution related to a warming climate. Climate 
predictions for the 21st century in this region indicate that the spring season will commence 
earlier, heat waves will be more frequent and of longer duration, and stream flows will become 
more variable (Hayhoe et al. 2010).  
The conservation status of aquatic insects has been poorly studied in comparison to fishes, 
despite the fact that they are vital in the nutrient and energy economy of streams. Fish depend 
heavily upon aquatic insects as a food source. Mayflies (Ephemeroptera), stoneflies (Plecoptera), 
and caddisflies (Trichoptera) (together a.k.a. EPT species) are the aquatic insects most sensitive 
to human-caused disturbance. Many of the approximately 400 EPT species in the UMGLLCC 
require a cool- or coldwater thermal regime; consequently, populations will likely be displaced 
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northward. Loss of these species may be detrimental to sustaining desired sport fisheries in the 
region. EPT species are also widely used as reliable indicators of stream health. Their 
distribution changes will greatly shift the baseline of reference conditions, compromising 
biological monitoring programs and established assessment tools in the region. The current 
project examines the predicted change in the distribution of stoneflies in the USA portion of the 
UMGLLCC attributable to climate change. 
Stoneflies (Insecta: Plecoptera) are aquatic as larvae and terrestrial as adults. Within the 
UMGLLCC region of USA there are at least 155 species. These species run the gamut of 
sensitivity to various forms of water pollution. Their requirements for high dissolved oxygen 
levels and cool- to coldwater habitats make them particularly susceptible to changes in water 
quality, habitat destruction, and water temperature changes (Stewart and Stark 2003, Surdick & 
Gaufin 1978). Because of these attributes, water pollution biologists have used stonefly larvae as 
indicator taxa and in indices of water quality for over a century Barbour et al. 1999). Hilsenhoff 
(1987) and Lenat (1993) developed organic pollution tolerance values for hundreds of aquatic 
species. Stoneflies consistently had the lowest tolerance values in these and other pollution 
tolerance-based indices (Barbour et al. 1999 and others cited therein).  
Stonefly species have been lost from large, European rivers due to the impacts of organic 
enrichment and the concomitant decrease in dissolved oxygen levels (Zwick 1992). We believe 
these same losses of diversity are occurring within various regions of North America. Master et 
al. (2000), using USA state Natural Heritage data, listed stoneflies as the third most imperiled 
assemblage (across both aquatic and terrestrial systems) in the United States. Only freshwater 
mussels and crayfish were listed as more imperiled than stoneflies. DeWalt et al. (2005), 
working in Illinois, concluded that 28.6% of stonefly species had been either extirpated or 
extinguished from Illinois streams over the course of the 20th century. This rate of species loss 
surpasses both fish and mussels in the state (DeWalt et al. 2005). Adjacent states have 
experienced similar losses of stoneflies within agricultural and urban areas (DeWalt & Grubbs 
2011, DeWalt et al. 2012, Grubbs et al., 2012).  
A National Science Foundation funded project (DEB 09-18805 ARRA) enabled the 
gathering of some 24,000 stonefly specimen records for a region spanning Illinois, Indiana, 
Michigan, Ohio, and Wisconsin. These data were used to produce Maxent (Elith et al. 2011) 
SDMs for 78 of 146 stonefly species that occurred in the five-state region (see Fig. 1 for 
examples of SDMs). These predicted distributions and richness were based on 117 
environmental variables and US Geological Survey Hierarchical Unit Code 12 scale drainages 
(HUC12). The surface area for HUC12s for streams in the region are as large as 260 km2. The 
output of the models was used to create presence/absence predictions that we believe correspond 
to pre-European settlement (presettlement) ranges for the stonefly species that were modeled. 
Summation of the individual SDMs within HUC12s results in an index of presettlement species 
richness (not all species could be modeled) for the region (Fig. 2). These maps form the baseline 
distribution and species richness patterns across the five-state region. These data, additional 
records for the five-state region, and data added for Iowa and Minnesota will be repurposed to 
ask questions about how species distribution patterns and the overall pattern of diversity in the 
region might change under future climate scenarios, the new task being funded by Department of 
Interior grant INT X-1-R-1. 
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Objectives. Our objectives were to predict how presettlement stonefly distributions and species 
richness index in the UMGLLCC would change under future climate scenarios. Component tasks 
include: 
 Conduct analysis of downscaled climate data provided by a UMGLLC sponsored project 
conducted by Dr. Dan Vimont of the University of Minnesota (Upper Midwest Great 
Lakes Landscape Conservation Cooperative 2013). This includes calculation of derived 
variables from the raw data to be used in distribution modeling. For the purposes of this 
report we have collaborated with a colleague to develop a complex Python script to 
summarizing daily climate predictions (temperature maximum, temperature minimum, 
and precipitation) into standard 19 BIOCLIM variables. The Vimont data entailed 13 
models and with some exceptions applied to four different scenarios (current, a2, a1b, 
b1). While this was not an original objective of the proposal, it must be accomplished to 
examine how climate may affect future distributions. 
 Add more stonefly specimen data for IA and MN and any new records from the original 
five-state NSF sponsored project.  
 Rerun SDMs with new specimen data to generate current predictions, but with climate 
data only. 
 Run SDMs and species richness estimates with future climate variables from Vimont 
model ccma_cgcm3_1 and giss_model_e_r and climate emissions scenarios of a1b and 
a2 for the time frame 2046-2100. 
 Compare current and future ranges and species richness patterns. 
 
 
 
 
 
 
Methodology 
 
Stonefly Data. Stonefly data were gathered from museum records, new records, from trusted 
literature sources, and from data provided by the Iowa Hygenics Laboratory and the Ohio 
Environmental Protection Agency for seven states: Iowa, Illinois, Indiana, Michigan, Ohio, and 
Wisconsin. All states from here forward will be referred to by their two-letter postal 
abbreviations. The total number of raw data records used for model construction now totals 
30,355. This includes 9,707 newly added specimen records, 1/3 of which were for IA and MN, 
while the remainder represent the other five states in the project area. Nearly all specimens were 
personally verified by Dr. DeWalt. Others records were accepted when the veracity of the 
identifications could be assured through knowledge of the taxonomic skill of the identifier. All 
records were scrutinized for use of synonyms and corrected to current valid usage (DeWalt et al. 
2013). 
 
Bioclimatic variable derivation and comparison. Regionally downscaled climate predictions 
were obtained from the laboratory of Dr. Dan Vimont at the University of Wisconsin-Madison. 
These data were generated under a UMGLLCC contract to Dr. Vimont (Upper Midwest Great 
Lakes Landscape Conservation Cooperative 2013). We received these data from Dr. Vimont in 
late August, 2012. This very large dataset is stored as annual netCDF files, each containing a 366 
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band raster of daily temperature maximum (tmax), temperature minimum (tmin), and 
precipitation predictions. A total of 13 model scenarios were generated by Vimont for current 
conditions and up to three future climate scenarios (Table 1). To use these data for our modeling 
purposes, several climate variables for each model scenario must be derived. 
It was impractical for us to derive these data for all 13 model scenarios within the time 
frame of this grant; hence, we limited our analysis to two model scenarios (ccma-cgcm3_1 
(CCMA) and giss_model_e_r (GISS)) under current conditions and two future climate 
scenarios (a1b, a2) (see shaded rows in Table 1). The 3rd climate scenario reported by Vimont 
(b1, a low emissions scenario) was omitted from the analysis, since evidence suggests that the 
assumed rate of the trajectory of increase in carbon dioxide emissions used in this scenario has 
been surpassed by recent empirical measurements (Working Group III of the Intergovernmental 
Panel on Climate Change 2000, International Energy Agency 2012). 
Nineteen bioclimatic variables are widely used for species distribution modeling (Table 
2). In order to derive values for these variables from the Vimont data, we collaborated with MS 
student Mr. Andrew Bartley of the Geospatial Information Science and Technology Department 
at North Carolina State University, Raleigh (now employed by Cambden County, NC as a GIS 
specialist). Several of the derived BIOCLIM variables are known to be correlated (Elith et al. 
2006), therefore we used a subset of these variables for modeling (variables in bold in Table 2) 
which have previously been used to construct large scale patterns of species richness 
(Vasconcelos et al. 2011). 
We have also accepted as a useful objective the comparison of differences in BIOCLIM 
variables across the different model/scenario combinations, not only to quantify the difference in 
the patterns predicted by models, but also as a valuable heuristic tool to summarize the 
anticipated direction and magnitude of changes in temperature and precipitation experienced in 
any region.  Although a full account of the variation among models and the geographic patterns 
of trends in bioclimatic variables is beyond the scope of our contract, we provide some detail on 
provisional patterns we have identified in the BIOCLIM variables created for modeling.  These 
changes in temperature and precipitation patterns are easily communicated by maps of the 
change in the variable between current conditions and future (average response during 2046-
2100) scenario predictions for each scenario.   
 
Distribution Modeling. National Science Foundation sponsored modeling in the Midwest 
resulted in models for 78 of 146 stonefly species using 117 natural variables, the HUC12 
drainage scale, and 14,441 unique stonefly locations (results see in Figs. 1 and 2). For 
UMGLLCC modeling we have opted to model distributions at the scale of point locations using 
the climatic variables only (see list in Table 2). 
Our expectation is that models built for species using only climate data (and no other 
variables) should provide estimates of maximum potential change to the distribution of species.  
However, models built with geological, hydrological, and land cover variables (which do not 
change at the rate of climate) might give a more realistic estimate of the realized change of the 
forcing to stonefly species distribution than obtained from change in patterns of temperature and 
precipitation alone. We plan to reanalyze current vs. future distributions and richness patterns 
once natural variables have been associated with the recently added specimen data. The addition 
of the seven other Vimont climate models (Table 1) for both a1b and a2 climate scenarios will 
yield a powerful prediction (n=18 for each species) for stonefly distributions and species richness 
patterns. 
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The addition of new specimen records has permitted the expansion of geographic area (to IA 
and MN), increased the sample size for several species models, and increased the number of 
species known for the region from 146 to 155.  After filtering out records of incompletely 
identified taxa and duplicate entries, 15,389 unique locations were used during our modeling 
effort.  
Construction of SDMs was done using Maximum Entropy (Maxent) (Elith et al. 2011) with 9 
BIOCLIM variables only (excluding the collinear variables). Maxent models were built using 
standard settings; cumulative outputs were transformed to presence/absence using the maximum 
training specificity and sensitivity (MTSS) criterion as suggested by Cao et al. (2013). These 
models were built for both current conditions and future scenarios, by projecting current models 
on to future climate scenarios. Current and future distributions and richness patterns are based on 
78 species. Changes in richness were calculated as future values minus current values.  
 
Results 
 
Comparison of current and future temperature and rainfall 
As an example of how conditions may change under future climate models (CCMA and 
GISS) and under a single climate scenario (a2), we present an examination of maximum 
temperatures in the warmest month, precipitation in the driest month, and precipitation in the 
wettest month for the eastern USA and adjacent Canada (Figs. 3-5). Current maximum 
temperature in the warmest month under the climate models examined are nearly 
indistinguishable (Fig. 3). Under CCMA during the years 2046-2100, temperatures within upper 
WI, northeastern MN, and the upper and lower peninsulas of MI are predicted to increase in 
maximum temperature during the warmest month by up to 4⁰C. The predicted increases under 
the GISS model appear to be ameliorated over the CCMA model. In both models, areas of the 
UMGLLCC with highest predicted increases in highs for the warmest month include regions that 
currently support rich stonefly assemblages. Precipitation in the driest month appears to remain 
relatively constant or increase slightly under the CCMA model within the UMGLLCC. Under 
the GISS model, rainfall during the driest month are predicted to increase, but again, only 
slightly.  Precipitation in the wettest month in the UMGLLCC under CCMA appears to be 
slightly higher in western WI and much of MN (Fig. 5). The eastern portions of WI and MI are 
predicted to have little change in rainfall. Under the GISS model, these same patterns are 
predicted. 
 
Single Species Distributions Now and in the Future 
The 15,389 unique locations used to model changes in distribution are presented in Fig. 
6. The predictions of change in species range and cumulative species richness are based on all 
data within the seven state region. Of the 155 species present in the seven state area, 
approximately 20% were represented by five or fewer records (Fig. 7a). Only about 50% of all 
species were present at enough unique locations (≥14 unique locations) to enter into Maxent 
modeling (Fig. 7b). 
An example is provided of current conditions distribution modeling for stoneflies (Fig. 
8). Here, three Vimont models of current climate condition were used to predict the distribution 
of Acroneuria lycorias, a large, cool- to coldwater stonefly with an overall northern distribution 
that extends into eastern OH. All models do a remarkably good job predicting this species within 
northern WI, northern MI, and northeastern OH. The CCMA model (upper left panel) does a 
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poor job of predicting the presence of A. lycorias in western MN, northeastern IA, and 
southeastern OH. GISS and CCMA3_1_t63 models predict this species presence throughout the 
range much better than CCMA. A composite prediction demonstrates the advantages of using 
more than one climate model for predicting the range of stoneflies.  
Future distribution predictions for two Vimont climate models (CCMA, GISS) and two 
climate scenarios (a1b, a2) were compared to current conditions with the same Vimont model. 
This resulted in a prediction of the proportional range loss for two Vimont climate models in 
each of two future climate scenarios (Table 3). Mean proportional range loss of the entire 78 
species assemblage across the seven state area is predicted to be -0.26, with a standard deviation 
of 0.407. Most species are predicted to lose range; however, the average value is highly 
misleading since the vast majority of species are predicted to lose a great proportion of their 
range by 2100 (Fig. 9a). In addition, seven of eight families are predicted to lose up to 50% of 
their range within the 7 state region (Fig. 9b). The only family predicted to increase range is the 
Perlidae, consisting of some 24 species in the region. However, this number is positively skewed 
due to five species being predicted to increase dramatically in the future: Perlesta adena, 
Acroneuria internata, Attaneuria ruralis, Acroneuria perplexa, and Acroneuria evoluta. Four of 
the five species (excluding P. adena) live in larger, warmwater streams in the seven state region. 
As temperatures warm in MI, MN, and WI, several larger rivers may become home to these 
species if corridors for migration exist.  
 
Species Richness Now and in the Future 
Again, three Vimont models (CCMA, CCMA1_t63, and GISS) were used to predict the 
current species richness patterns based on a summation of the 78 species that were individually 
modeled (Fig. 10). All models predicted zero species in parts of western MN. In addition, all 
models are consistent in predicting some geographic extent of low (and zero) species richness in 
the thumb of Michigan. All predicted highest species richness in unglaciated areas along Ohio 
River in IN and OH and in northern areas of MI, WI, and the north shore of Lake Superior in 
MN. These trends are consistent with predictions using the 117 natural variables for the five state 
region (see Fig. 2). An ensemble average of all three Vimont models predicts that species 
richness will range from zero in western IA and MN to 51 species in unglaciated areas of 
southern IN and OH. 
Future species richness patterns were predicted for CCMA and GISS models in both a1b 
and a2 future scenarios (Fig. 11).  The maximum value for future predicted richness was 
considerably lower for the CCMA model scenario (no higher than 31 species for either a1b or a2 
climate scenarios) than for the GISS model scenario (maxima 49 and 50 species). The GISS 
model scenarios both maintained near current levels of richness within the unglaciated portion of 
IN and OH. Conversely, they also predicted drastic reduction in richness within western MN and 
IA and in the thumb of MI, with the a2/GISS model predicting the largest region with 0 species 
richness among the future model/scenario combinations. 
 To better display the changes in each future prediction, we have calculated an anomaly 
map (Current – Future) that is the change in predicted species richness for the future scenario 
(Fig. 12).    These identify areas with the greatest and least change in predicted species richness 
(calculated as Future – Current value for each map pixel).  Dark areas denote regions where 
richness is predicted to increase, red areas remain stable, and lighter areas lose species.  It is easy 
to see that all model/scenario combinations predict dramatic losses in areas where the stonefly 
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assemblage is currently predicted, and empirically demonstrated by sampling, to be richest in 
species. 
  
Discussion 
 
 We predict drastic reductions in suitable climate envelopes within the seven state region 
for individual species, with concomitant reductions in species richness in key areas by the year 
2100. From the analysis of changes in BIOCLIM variables conducted so far, these changes will 
likely be driven by changes in air temperature as suggested by predictions for change in 
maximum temperatures of warmest month (up to 4⁰C in UMGLLCC, Fig. 3). Species losses are 
predicted to occur within the current observed and predicted richest areas: southern unglaciated 
landscapes, and glaciated northern WI, northeastern MN, and northern MI (Fig. 12). Should 
these changes come to pass, then a sensitive fauna will have gone through a second dramatic 
reduction in range since the beginning of the 20th century (see DeWalt et al. 2005 for more 
information). Most species are predicted to lose range within the seven state region (Fig. 9a) and 
in the UMGLLCC, while several are predicted to gain distributional range as large rivers of the 
north become warmer (see Table 2).  
 Stoneflies are likely to be accurate surrogates for how other aquatic insect species will 
respond to climate change. We will be able to test this assertion in the future when mayfly and 
caddisfly species are modeled for the seven state region (UMGLLCC grant ending 30 June 
2014). If they do accurately predict the response of mayflies and caddisflies, then a dramatic loss 
in aquatic insect species across the study region is possible. 
Some outcomes of the predicted changes in stonefly ranges may include mismatches in 
food resources for insects and insectivores, obsolescence of current numerical criteria for water 
quality assessment in the region, and the need for conservation of stoneflies, and other aquatic 
species, in the future. 
 The developmental phenology of stoneflies is mostly driven by water temperature 
(Stewart and Stark 2002). Warming of streams and the Great Lakes may lead to changes in the 
temporal patterns of nymphal growth and adult emergence throughout the region. Advancement 
of the emergence phenology within the UMGLLCC might leave birds without insect prey in 
riparian areas during key migratory and nesting periods. Some fish species may also be 
mismatched with their insect prey. One possible outcome of earlier emergence is that a large 
proportion of the population of a given species will have emerged just as a drastic swing in 
temperature to freezing conditions occurs. This may well eliminate a large proportion of the egg 
bearing females and reduce the density of larvae in the subsequent cohort as a result. 
Some states in the UMGLLCC have developed numeric criteria for scoring the health of 
streams using aquatic macroinvertebrates (e.g. Lillie et al. 2005, Wilton 2004). The larvae of 
EPT species are often taken into account in these numerical criteria. Numerical criteria are often 
based on samples taken from reference quality streams. As stream temperatures warm, their 
ability to support environmentally sensitive species will be degraded, mainly due to the reduction 
of oxygen concentration (also a factor of temperature). This alone may necessitate the re-
evaluation of reference streams to determine what they will support. If this is not done, then 
streams will be rated based on standards that no long apply. 
What is needed to advance the conservation of stoneflies in the region? Stoneflies are the 
most sensitive of aquatic insects. Without additional conservation efforts, large numbers of 
species may be lost from the seven state area and UMGLLCC by the end of the century. A case 
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study from Illinois is instructive (DeWalt et al. 2005). There, 28% of 80 species were lost from 
the state, with the most dramatic losses occurring in the 1950s. Species that were lost had traits 
that increased their risk for exposure to poor water quality conditions: large size, long life cycles 
(up to 3 years), direct egg hatch, habitat preference for larger streams, and coolwater thermal 
preference. It will be these species that succumb to increasing temperatures in the UMGLLCC. 
The two most important means of protecting these species would be to maintain or increase the 
wooded riparian buffer width and minimizing nutrients from agriculture. Knowing the location 
of existing populations, their relative isolation from each other, and what corridors may exist for 
dispersal northward would be exceedingly valuable information for building a conservation plan 
for stoneflies. This effort might be discouraging for some areas such in southern IL, IN, and OH 
where Wisconsinan till and lake plains are potential barriers to dispersal due to extensive areas of 
agriculture and poor stream quality. In these areas human aided migration may be necessary to 
promote the northward shift of species.     
Some perspective is necessary. It is important to remember that these predictions are 
based on climate variables alone. Predicted range shifts based on climate alone are likely to be 
overestimates of the true impact of predicted warming on each species and the assemblage as a 
whole. Several other factors are likely to be important mediators of a species’ response to 
climate.  These include the distribution of suitable habitats, location of extant populations, the 
presence of dispersal barriers, connectivity of habitats, and myriad physical, physiological, and 
life history traits of the species themselves. As we prepare these results for publication, the 
models will be rerun with the 117 natural variables and downscaled climate data. A more 
realistic impression of changes in range and richness patterns will emerge. That this will be done 
for several Vimont climate models will provide replication and greater certainty of the predicted 
changes. Once we know the predicted range loss for each species based on these additional 
variables, then we will attempt to model range loss using a suite of species traits that may prove 
predictive for risk of loss (for a list of such traits see DeWalt et al. 2012). From this we will be 
able to better understand why a species may lose range. 
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Table 1.  Model/scenario combinations represented 
in dataset of Vimont et al. We have modeled 78 
species using data from the shaded scenarios (#s 1, 
2, 13 for current predictions and 1 and 2 for future 
predictions). Soon, we will derive BIOCLIM 
variables for all models coinciding with a1b and a2 
climate scenarios to present to UMGLLCC. 
 Model Current  a1b a2 b1 
1 ccma_cgcm3_1 Current  a1b a2 b1 
2 giss_model_e_r Current  a1b a2 b1 
3 cnrm_cm3 Current  a1b a2 b1 
4 csiro_mk3_0 Current  a1b a2 b1 
5 csiro_mk3_5 Current  a1b a2 b1 
6 gfdl_cm2_0 Current  a1b a2 b1 
7 giss_aom Current  a1b 
 
b1 
8 iap_fgoals1_0_g Current  a1b 
 
b1 
9 miroc3_2_hires Current  a1b 
 
b1 
10 miub_echog_g Current  a1b a2 b1 
11 mpi_echam5 Current  a1b a2 b1 
12 mri_cgcm2_3_2a Current  a1b a2 b1 
13 ccma_cgcm3_t63 Current  a1b  b1 
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Table 2.  BIOCLIM variables list derived from two Vimont et al. models (see 
Table 1).  Nine variables are in bold face, denoting their use in UMGLLCC 
modeling of stonefly species distributions and species richness patterns. Other 
variables are collinear and were omitted from the analysis. 
BIO1 = Annual Mean Temperature 
BIO2 = Mean Diurnal Range (Mean of monthly (max temp - min temp)) 
BIO3 = Isothermality (BIO2/BIO7) (* 100) 
BIO4 = Temperature Seasonality (standard deviation *100) 
BIO5 = Max Temperature of Warmest Month 
BIO6 = Min Temperature of Coldest Month 
BIO7 = Temperature Annual Range (BIO5-BIO6) 
BIO8 = Mean Temperature of Wettest Quarter 
BIO9 = Mean Temperature of Driest Quarter 
BIO10 = Mean Temperature of Warmest Quarter 
BIO11 = Mean Temperature of Coldest Quarter 
BIO12 = Annual Precipitation 
BIO13 = Precipitation of Wettest Month 
BIO14 = Precipitation of Driest Month 
BIO15 = Precipitation Seasonality (Coefficient of Variation) 
BIO16 = Precipitation of Wettest Quarter 
BIO17 = Precipitation of Driest Quarter 
BIO18 = Precipitation of Warmest Quarter 
BIO19 = Precipitation of Coldest Quarter 
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Table 3.  Predicted geographic range dynamics for 78 stonefly species in 2 future 
scenarios.  Dynamics are presented as proportion range change from current conditions 
predictions, organized by climate model/ emissions scenario.  “Mean” is average of four 
predicitions, “SD” is standard deviation of four predictions, “>0” is # of model/scenario 
combinations predicting range change (species are arranged by increasing values of this 
column, instead of alphabetically, to simplify efforts to evaluate which species are 
predicted as most vulnerable). 
 
GISS GISS CCMA CCMA 
   Species a1b a2 a1b a2 Mean SD >0 
Isogenoides frontalis -0.836 -0.512 -1.000 -1.000 -0.837 0.230 0 
Isoperla cotta -0.991 -0.321 -0.980 -0.988 -0.820 0.333 0 
Allocapnia indianae -0.798 -0.369 -1.000 -1.000 -0.792 0.298 0 
Oemopteryx glacialis -0.980 -0.298 -0.914 -0.944 -0.784 0.325 0 
Prostoia similis -0.590 -0.531 -1.000 -1.000 -0.780 0.255 0 
Soyedina vallicularia -0.827 -0.311 -0.927 -0.967 -0.758 0.304 0 
Allocapnia pygmaea -0.928 -0.035 -0.966 -1.000 -0.732 0.466 0 
Prostoia completa -0.773 -0.111 -1.000 -1.000 -0.721 0.421 0 
Perlesta teaysia -0.872 -0.142 -0.922 -0.947 -0.721 0.387 0 
Isoperla lata -0.993 0.087 -0.974 -0.995 -0.719 0.537 1 
Sweltsa hoffmani -0.823 0.016 -1.000 -1.000 -0.702 0.486 1 
Allocapnia granulata -0.600 -0.188 -1.000 -1.000 -0.697 0.388 0 
Acroneuria lycorias -0.960 0.090 -0.928 -0.970 -0.692 0.522 1 
Clioperla clio -0.646 -0.099 -1.000 -1.000 -0.686 0.426 0 
Haploperla brevis -0.945 0.092 -0.942 -0.948 -0.686 0.519 1 
Paracapnia angulata -0.955 0.108 -0.853 -0.975 -0.669 0.520 1 
Perlesta decipiens -0.497 -0.166 -0.999 -1.000 -0.666 0.409 0 
Allocapnia rickeri -0.591 0.016 -1.000 -1.000 -0.644 0.480 1 
Pteronarcys dorsata -0.941 0.407 -1.000 -1.000 -0.634 0.694 1 
Paragnetina media -0.948 0.234 -0.847 -0.964 -0.631 0.579 1 
Isoperla signata -0.926 0.144 -0.795 -0.945 -0.630 0.521 1 
Allocapnia ohioensis -0.512 0.003 -1.000 -0.998 -0.627 0.479 1 
Leuctra tenuis -0.900 0.276 -0.891 -0.971 -0.621 0.599 1 
Isoperla richardsoni -0.677 -0.493 -0.519 -0.767 -0.614 0.130 0 
Taeniopteryx metequi -0.616 0.188 -1.000 -1.000 -0.607 0.560 1 
Acroneuria frisoni -0.576 0.138 -0.981 -0.988 -0.602 0.529 1 
Isoperla frisoni -0.976 -0.025 -0.504 -0.894 -0.600 0.435 0 
Isoperla transmarina -0.934 0.016 -0.665 -0.806 -0.597 0.423 1 
Neoperla catharae -0.446 0.058 -0.997 -0.998 -0.596 0.507 1 
Allocapnia nivicola -0.810 -0.286 -0.435 -0.833 -0.591 0.273 0 
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Table 3.  Continued.  
 
GISS GISS CCMA CCMA 
   Species a1b a2 a1b a2 Mean SD >0 
Strophopteryx fasciata -0.574 -0.171 -0.756 -0.821 -0.580 0.292 0 
Zealeuctra claasseni -0.282 -0.037 -1.000 -1.000 -0.580 0.495 0 
Agnetina flavescens -0.621 -0.292 -0.601 -0.765 -0.570 0.199 0 
Perlesta shubuta -0.705 0.336 -0.849 -0.962 -0.545 0.597 1 
Isoperla nana -0.366 0.248 -1.000 -1.000 -0.530 0.598 1 
Shipsa rotunda -0.714 0.113 -0.692 -0.821 -0.529 0.431 1 
Zealeuctra fraxina 0.364 -0.437 -0.985 -1.000 -0.514 0.642 1 
Isoperla decepta -0.094 0.059 -1.000 -1.000 -0.509 0.571 1 
Allocapnia recta -0.611 -0.087 -0.575 -0.724 -0.499 0.282 0 
Allocapnia minima -0.954 0.223 -0.423 -0.809 -0.491 0.526 1 
Isoperla slossonae -0.887 0.046 -0.382 -0.734 -0.489 0.415 1 
Leuctra sibleyi -0.221 0.078 -0.916 -0.879 -0.484 0.492 1 
Diploperla robusta -0.790 -0.066 -0.522 -0.553 -0.483 0.302 0 
Amphinemura delosa -0.528 0.685 -1.000 -0.998 -0.460 0.795 1 
Perlinella drymo 0.247 0.197 -1.000 -1.000 -0.389 0.706 2 
Taeniopteryx nivalis -0.693 0.132 -0.372 -0.615 -0.387 0.372 1 
Alloperla caudata 0.247 0.255 -1.000 -1.000 -0.375 0.722 2 
Perlesta lagoi -0.494 0.213 -0.459 -0.579 -0.330 0.365 1 
Taeniopteryx lita 0.455 -0.092 -0.917 -0.654 -0.302 0.611 1 
Allocapnia mystica 0.635 0.208 -1.000 -1.000 -0.289 0.839 2 
Perlesta I4 -0.628 0.031 -0.224 -0.314 -0.284 0.272 1 
Leuctra rickeri 0.398 0.164 -0.867 -0.819 -0.281 0.656 2 
Acroneuria abnormis 0.437 0.056 -0.755 -0.852 -0.279 0.627 2 
Nemoura trispinosa -0.826 0.422 -0.217 -0.487 -0.277 0.528 1 
Taeniopteryx parvula -0.956 0.192 -0.188 -0.122 -0.268 0.487 1 
Taeniopteryx burksi -0.248 0.032 -0.448 -0.364 -0.257 0.209 1 
Perlesta xube 1.187 -0.068 -1.000 -1.000 -0.220 1.036 1 
Neoperla stewarti -0.318 -0.353 0.323 -0.492 -0.210 0.363 1 
Hydroperla crosbyi 1.497 -0.340 -0.969 -0.984 -0.199 1.170 1 
Perlinella ephyre -0.120 0.239 -0.200 -0.624 -0.176 0.354 1 
Pteronarcys pictetii 0.384 0.419 -0.706 -0.649 -0.138 0.624 2 
Taeniopteryx maura -0.720 0.053 0.230 -0.061 -0.125 0.415 2 
Acroneuria filicis -0.344 0.337 -0.209 -0.153 -0.092 0.297 1 
Perlesta golconda -0.999 -0.026 0.498 0.386 -0.035 0.681 2 
Isoperla bilineata 1.058 0.336 -0.829 -0.682 -0.029 0.891 2 
Allocapnia vivipara 0.326 0.071 -0.366 -0.129 -0.025 0.294 2 
Amphinemura varshava 0.102 0.110 -0.124 -0.115 -0.007 0.131 2 
Isoperla dicala -0.768 -0.032 0.904 0.401 0.126 0.708 2 
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Table 3.  Continued.  
 
GISS GISS CCMA CCMA 
   Species a1b a2 a1b a2 Mean SD >0 
Neoperla clymene 2.061 0.536 -1.000 -1.000 0.149 1.466 2 
Agnetina capitata -0.715 0.049 1.072 0.536 0.235 0.759 3 
Isoperla marlynia -0.591 0.126 1.282 0.807 0.406 0.816 3 
Allocapnia forbesi 0.504 0.090 1.735 1.645 0.994 0.823 4 
Perlesta adena -0.632 -0.164 2.538 2.275 1.004 1.634 2 
Acroneuria internata -0.761 -0.168 3.130 2.132 1.083 1.849 2 
Attaneuria ruralis 2.378 -0.062 1.207 1.835 1.340 1.050 3 
Hydroperla fugitans 3.184 -0.639 2.030 2.329 1.726 1.651 3 
Acroneuria perplexa 1.307 1.392 3.138 2.153 1.997 0.850 4 
Acroneuria evoluta 2.050 -0.348 5.018 5.359 3.020 2.692 3 
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Fig. 1. Species distribution models at USGS HUC12 scale for the northerly distributed Acroneuria lycorias (Newman) (left) and the 
southerly, generally unglaciated species Leuctra rickeri James (right).  Leuctra rickeri is present in Wisconsin and is known from 
northeastern Iowa as well (Heimdal & Birmingham 2006). 
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Fig. 2. Predicted stonefly species richness index based on Maxent generated distributions of 78 of 146 species and 117 natural 
variables. Presence recorded in USGS HUC12 scale watersheds. Work sponsored by NSF DEB 09-18805 ARRA. 
20 
 
 
 
  
  
  
Fig. 3.  Example of comparison of maximum temperatures of warmest month (⁰C) under current conditions (model 
CCMA and GISS_e_r) and the a2 future scenario (2046-2100).  The color panels detail predicted warming (Future – 
Current) for each model. Area of UMGLLCC indicated in orange (current conditions) or aqua marine (future conditions). 
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Fig. 4.  Example of change in total precipitation (mm) predicted for the driest calendar month, in current and future 
conditions for models (CCMA and GISS_e_r) and climate scenario a2. Area of UMGLLCC indicated in orange. 
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Fig. 5. Example of change in total precipitation (mm) predicted for the wettest calendar month, in current and future 
conditions for models (CCMA and GISS_e_r) and climate scenarios a2. Area of UMGLLCC indicated in orange. 
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Fig. 6.  Stonefly point locations used to model species ranges. Orange line denotes UMGLLCC project area in USA. 
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Fig. 7a & b.  Frequency distribution of all species records (expressed as total fraction of (a) all records and (b) unique records) 
for 155 species across IA, IL, IN, MI, MN, OH and WI. 
  
n=30,355 n=15,389 
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Fig. 8. Maxent model predictions for Acroneuria lycorias under current conditions. Upper left- model CCMA; upper right- model 
GISS_e_r; lower left- ccma3_1_t63; lower right-consensus predictions of 3 different models. Points indicate specimen locations. 
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Fig. 9. Proportional range change (positive or negative) for 78 stonefly species in 7 
states. a. Frequency histogram. b. Change by family. Number of species indicated. 
Error bars are standard error. 
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Fig. 10.  Current species richness for 3 individual climate models (ccma_cgm3_1, ccma_cgm3_1_t63, 
GISS_model_e_r) and the average of the ensemble.  Red areas are predicted to have zero richness. 
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Fig. 11. Future predicted species richness for 2 climate models in 2 possible emission scenarios, for 2046- 2100.  Left 
pair of maps are CCMA models, right pair are GISS_e_r models. Top maps are a1b scenario, bottom pair is a2 scenario. 
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Fig. 12.  Predicted difference between current and future species richness. The values in each map were calculated as the 
difference in species richness predictions (Current-Future). Dark areas denote where future species richness is predicted 
to be larger than current species richness, red areas are no change, and light areas predict loss of species richness. 
